A major issue in modelling the electrical load of residential building is reproducing the variability between dwellings due to the stochastic use of different electrical equipment. In that sense and with the objective to reproduce this variability, a stochastic model to obtain load profiles of household electricity is developed. The model is based on a probabilistic approach and is developed using data from the Mediterranean region of 
Introduction
The detailed modelling of a household's energy consumption is a complex task that involves different issues and requires different skills. In detail, the main energy consumption sources in a household are: space heating/cooling [1, 2] , domestic hot water, appliances and lighting. A major issue in modelling is to estimate the uncertainties implicit in the building model. There are many unknown and uncertain parameters that affect directly the results, especially when the model reproduces existing buildings. The uncertainties can be related to the quality of building works, real properties of materials and their performance degradation, real performance of heating and cooling systems and their efficiency reduction, quantification of air infiltrations, subjectivity in comfort condition, and an important group of uncertainties related to the user behaviour (appliances, lighting, set points...). In particular, for modelling the consumption of appliances, a difficult aspect is the quantification of purely stochastic variables, namely the simulation of electrical consumption profiles for appliances and plug loads. In practice, electricity consumption caused by appliances has been often based on fixed profiles derived from statistical data. Although this kind of approach has some strong points (e.g., simple calculations, perfect for first stage analysis), it is not useful when a detailed characterization of the household consumption is needed, as for example in models for studies on the energy interactions of a "prosumer" (producer and consumer) building [3] [4] [5] [6] [7] . From this perspective, a good and solid modelling approach should comprise both average and peak value estimation: the first being useful for an early design of the systems, the latter for grid interaction, storage sizing issues and optimization of demand side management strategies.
For such applications, transient modelling approaches are used worldwide to represent both building physics and energy generation systems, but it is important to make progress also in the field of user-related energy consumption modelling with models with the same level of detail. In other words, at least hourly time-steps should be adopted to obtain meaningful results and to make comparisons to energy generation data. The modelling of user-related energy consumption is crucial when the focus of the study is the residential sector.
Residential energy consumption profiles are much more difficult to predict than for e.g., offices, for several reasons: occupant behaviour can vary widely and therefore have notable impacts on energy consumption, privacy issues limit the collection and distribution of energy data related to individual households and usually the detailed metering of end-uses consumption have high costs. The importance of the demand side modelling is particularly high when demand-response studies are being performed: having a detailed insight on how energy use in the households might vary following the designer's input, is of the uttermost importance to develop a solid study.
This paper proposes a model aimed at describing the energy consumption of building clusters and neighbourhoods. The model uses a stochastic approach to simulate more than one household at the same time. The idea behind the model is having a high-resolution tool, dependent on easily modifiable parameters.
The model allows a simple and effective customization by the user, keeping it robust. The parameters of the model are also related with energy standards of appliances, making possible an analysis of their effect at neighbourhood level. The modelling environment chosen for the implementation of the model is TRNSYS, in order to complement the simulation of thermal loads in buildings. Considering existing literature, the model could be one of the first implementations in an environment of user-related energy consumption models. The aim of the paper is the analysis of the performance of the model by considering that main inputs and parameters to the model are derived from empirical analysis of real data from existing research projects. A detailed sensitivity analysis of parameters and a comparison of the results with other studies available in the literature are done. Although many household electrical consumption studies are available in the literature, the proposed model is one of the first to be implemented in Mediterranean regions.
State of the art
Residential energy use modelling is usually very dependent on the level of accuracy of the input data.
Therefore, different modelling approaches have been developed in the last decades, with different strengths and weaknesses, as well as different model resolutions and modelling capabilities.
The main techniques used to model residential energy uses can be grouped up into two main categories [8] :
"top-down" and "bottom-up". Top-down models underwent a major development during the energy crisis of the late 1970s. The major aim of such research effort was to understand better consumer behaviour with changing supply and pricing. Such models analyse residential sector as a whole and their objective was to determine and to analyse trends of the sector. The strength of "top-down" models is that they do not need very detailed input data to work. They just need widely available energy aggregate data and rely on historic residential sector energy values. The heavy reliance on historical trends and data for these models is also a major drawback, since they are not able to handle discontinuities in the major trends.
Saha and Stephenson [9] developed a "top-down" model for New Zealand, modelling in separate sub-models space heating, domestic hot water and cooking, that are added up to obtain total consumption. The proposed method used historical data to predict future energy use levels as function of stock, ownership, appliance ratings and use factor. Its prediction was excellent during the 1960s, but in 1970s the shifts in home insulation levels caused a major deviation between monitored and simulated data.
The "bottom-up" approach goes beyond the limits of the "top-down" one, accounting in detail for individual houses and energy end-uses. After that, the results of the model may be extrapolated to represent a region or a nation, according to the level of detail of the inputs. Common input data to bottom-up models are dwelling properties, equipment and appliances, climate characteristics, occupancy schedules and use levels of equipment. This detail in characterization is the strength of these methods. It allows a very accurate modelling, but has as drawback the difficulty of obtaining all the needed data. No historical data are required.
However, in order to extrapolate the results for a whole region or country, data must be representative of the zone. A peculiar characteristic of these models is the modelling of occupant behaviour. The main modelling approaches in this field may be summarized as: statistical techniques (regression and conditional demand analysis) and neural networks.
Widen et al. [10] proposed a Markov-Chains method with a wide use of Time Use Data (TUD) information for Sweden. TUD were used to describe occupancy patterns, obtaining transition probabilities of 3 states (outside home, active at home, and passive at home). The model is developed in the field of electrical and lighting demand. Widen et al. used detailed modelling of the time use for each occupant. The fundamental section of the model is the conversion of the TUD into occupancy levels. Subsequently, the model obtains energy use profiles through the use of different patterns and converting functions for each appliance.
Yamaguchi et al. [11] has developed an occupant behaviour model for estimating high-resolution electricity demand profiles of residential buildings. The occupant behaviour is based on statistical treated data of TUD in Japan. The model is based on a set of probabilities related to different behaviours or activities, which are used to define the behaviour of each occupant and then its electrical consumption. One of the advantages of this model is that not detailed data are needed. Richardson et al. [12] proposed a method having as input the value of natural light entering windows and the activity level of the household residents. The main input of the model is a time-series representing the number of active occupants within a dwelling and is based on MonteCarlo technique. The statistical information used is from the United Kingdom. Paatero and Lund [13] built a model for generating electricity load profiles for a dwelling using representative data sample and statistical averages from Finland. The randomness has been included using stochastic processes and probability distribution functions (starting probability function based on the seasonal, hourly and social factors). Paatero Even though the use of Neural networks methods has been historically limited in this field, they have had some applications to the modelling of electrical consumption in households [16, 17] due to their capability of modelling non-linear phenomena with forecasting purposes.
Stochastic model description
In the simulation, the energy uses are selected and modelled for each household, through a stochastic approach. Main outputs of the model are energy consumption of both neighbourhood and household, in terms of aggregated and single energy use consumption. The simulation is divided in two steps, which are related to two different sources of stochasticity: dwelling characterization and use of equipment.
The characterization of each dwelling is performed at the first time step by the routine. In this first phase, a set of energy uses is selected randomly for each household. In other words, the model defines stochastically which and how much equipment there is in each simulated dwelling. In the equations (1) are represented the conditions to choose the equipment of each dwelling, using the parameters of the stock characterization described in Table 1 .
 There is no equipment e in dwelling d
There is 1 equipment e in dwelling d There are 2 equipment e in dwelling d (1) There are 3 equipment e in dwelling d
There are 4 equipment e in dwelling d Once the dwelling characterization is done, the model has to choose randomly which equipment is ON or OFF (or Stand-by), using the probability values for each of them. Then, in each time step another set of random number have generated (RNP(t) e ) in order to be compared with the probabilities of use of each equipment type. In the equation (2) 
Where RNP(t) e is the random number generated for the equipment e of the dwelling d at time t. prob(t) e is the probability of use at the time t of the equipment e (t refers to the season, type of day and hour of day). Pstb e , P e , PF e and CF e are the parameters of the equipment e described in the Table 1 . Δt is the time step (1 hour).
Finally, the E(t) e is the energy consumption for the equipment e of the dwelling d at time t.
In Figure 1 an example of the hourly probability of use for a dishwasher and a television is shown.
Basis of the model
Recently, "Instituto para la Diversificación y Ahorro de la Energía" (IDAE) has carried out the SECH-SPAHOUSEC project [18] . This project characterizes the energy consumption of the residential sector in Spain, including detailed information about the equipment stock and the main energy uses. The information is aggregated by regions (Atlantic, Continental and Mediterranean) and by building type (detached houses and apartment buildings).
Data collection done in SECH-SPAHOUSEC has been performed by three complementary methods: telephone surveys, in-person surveys and electrical measurements of individual equipment in 600 dwellings.
The main information obtained from surveys is related to the occupancy, the equipment stock and the annual energy consumption (based on estimations and bills). The electricity measurements give information about the use and the hourly consumption profile of each equipment and the hourly aggregate profile of the electricity consumption for each dwelling. In addition, the energy label of the characterised equipment is known, thus allowing a detailed knowledge of the energy efficiency level of the equipment stock.
The study presented in this paper uses detailed data from an apartment building from the Mediterranean region, taken as an example of the whole study. The general considerations on the method presented in the following paper may be extended to the other regions and building typologies as well. A post-processing of the data is done to obtain the parameters and inputs of the stochastic model.
Input and parameters of the model
The model is arranged in two different sub-routines, describing two different families of energy uses. The first one deals with electrical appliances: refrigerator, freezer, washing machine, dishwasher, television, tumble dryer, microwave, PC, lighting and other (which includes a group of small appliances that do not strongly impact the overall energy consumption, e.g., electrical radios, computer games, etc.). The second sub-routine models kitchen devices: gas and electric stoves and ovens. The model does not include heating and cooling systems consumption because their use mainly depends on weather data and building typology.
The chosen time resolution is one hour. The main parameters required for the characterization of equipment are reported in Table 1 . They are mainly derived from the analysis of empirical data. In addition, more general parameters are needed to carry out the simulation, e.g., the number of simulated dwellings, start time of the seasons, seed numbers… Table 2 and Table 3 show the values of the different inputs and parameters used in the Base Simulation (stock characterization and technical data, respectively).
Validation of the model
In this section a detailed validation of the model and their results are done. In previous works [19] , a general validation of the model has been done. The validation is based on the analysis of aggregated results of the SECH-SPAHOUSEC project, starting from annual energy consumption per equipment and dwelling. A first analysis on the full database has been performed in [20] , using more detailed information of the measurement campaigns. The obtained results show that the model is able to reproduce the patterns of electricity consumption of a residential building. However, slight differences with the reference data were observed. This fact, together with the analysis performed on the whole database from [18] suggested the need to carry out a more detailed validation of the model.
The detailed validation consists of three levels of analysis: a verification of expected results, a verification of equipment profiles and a comparison with other studies.
Verification of expected results
The objective of this section is to check that the model works properly and their results are reliable. Three classes of parameters have been checked in detail: penetration rates, multi-equipment probabilities and probability of use. To carry out that, a simulation of 1000 dwellings has been performed, using the inputs and parameters of Table 2 and Table 3 . In addition, a comparison with the complete database of the SECH-SPAHOUSEC is done. Table 4 show how the mean number of equipment of the simulation is lower than the input data, just as it happens with the mean annual consumption. Notice that the multi-equipment probability is not directly available from the SECH-SPAHOUSEC information. They have been estimated using the total number of equipment, the penetration rate and the mean number of equipment per dwelling. In spite of this fact, the multi-equipment probabilities (input) are quite similar to the simulated data results. Then, the estimation of the multi-equipment probabilities is considered good enough based on the available data (relative error lower than 10%).
The last verification of the model is the probability of use of each equipment, which is defined as the proportion of appliances that are on at a given hour. In order to compare the input data with the simulation, a t-test is performed. We consider that there are statistically significant differences if p-value is lower than 0.05.
As Table 5 shows, the results of the test highlight that the difference between the input data and the simulation is not significantly different for all the equipment.
To complete the verification of the composition profiles, a comparison of the results with the different regions and typologies of buildings in Spain is done. The data used are the complete data from SECH-SPAHOUSEC project, which are not used to develop the model. In Figure 3 an hourly profile of mean dwellings are shown: apartment buildings and detached houses from Atlantic, Continental and Mediterranean regions. The modelled profile has the same trend than the measured profiles. There are slight differences between them, especially with detached houses. These results show that the equipment energy use in Spain is more dependent on the building type than on the region. We can conclude that the model reproduces properly the daily profile. Figure 4 because there are no appreciable differences with respect to the 500 dwellings results. Figure 4 shows how the variation of the energy profile is lower as the number of dwellings included in the simulation is higher. There are differences between the 5 simulations when 10 dwellings are simulated. However, there are not significant differences between simulations when the number of dwellings is high enough. The results of the test concluded that simulations with 500 or more dwellings are representative of the mean dwelling.
Considering these the results, all the subsequent validations have been done with 500 dwellings.
Database comparison
The aim of this comparison is to evaluate the correspondence between the simulation of each equipment and the database (SECH-SPAHOUSEC). Figure 5 presents annual results of a simulation of 500 washing machines chosen as an example, where it is possible to see the variability between the different simulated dwellings. Table 6 summarizes the statistics of the annual energy consumption for all the equipment.
The hourly profile of an average washing machine is compared with results from [18] in Figure 6 The comparison of the other equipment shows the same behaviour as with the washing machine example.
The trend of the model is quite similar to the reference data with just small differences if the value of the peaks is compared. Despite these differences, the model is completely valid for its purpose and the validation could be considered appropriate.
Comparison with other countries
After the detailed validation of the model with the reference data, it is important to compare it with other studies and countries. There are two scopes in this analysis: The data used for the comparison has been obtained from the project Remodece, making use of one of its output: an updated database of consumption of EU-27 countries [21] . The database includes data of different measurement campaigns. The monitored data consists of annual, monthly and hourly consumption, for most of the appliances of the households (using electricity, gas, wood...).
In Figure 6 and Table 7 
Applications of the model

Analysis of building cluster simulations
Several profiles have been generated. The objectives are to simulate the electrical demand of a building block or neighbourhood and to evaluate when the uncertainty demand is low enough. Figure 8 is an example of an output of the model. One week of two random dwellings and mean consumptions among all the simulated dwellings are presented. The random dwellings have different profiles between them as well as the annual consumption, the maximum peak and the number of equipment. Such information is stochastically generated for each household. One of the most important characteristics of the output is that it is able to reproduce the peak values of the load profiles, which are different between days and dwellings. Figure 9 is an empirical distribution of annual electrical consumption. The X-axis is the number of simulated dwellings, and as it is expected, the distribution is better defined as the number of dwellings increase. The distribution becomes symmetric and the main statistics are stable. Two main statistical parameters of the distribution converge over 100 dwellings. The mean is around 2800kWh/yr and the standard deviation around 490kWh/yr. The distribution of the annual energy consumption is slightly left-skewed, but it performs quite similar to a Normal distribution.
Determination of synthetic profile
The model is able to reproduce stochastic profiles of electricity consumption, as in the previous sections are
shown. Taking the perspective that the buildings will go toward NZEB and will be integrated in smart grids, the electric consumption will become more and more important. In that situation and to simulate these systems, a detailed consumption profile representative of all the simulated dwellings could be useful. Here a synthetic profile is defined as a dwelling with a stochastic behaviour and whose annual and daily consumption are equal to the mean dwelling. A simulation of 500 dwellings has been performed in order obtain the synthetic profile.
Among these 500 dwellings, the ones with an annual consumption equal to the mean consumption with only small differences (+/-1%) are selected. Figure 10 describes the electric consumption profile of the resulting 22
dwellings. For clarification, only the results from a simulated week have been included.
After this first selection, a detailed analysis of the equipment of 22 dwellings is done. The purpose is to choose a dwelling with an equipment distribution as close as possible to the mean dwelling (compared with a penetration rate). As Table 8 shows, there are three representative dwellings that meet these criteria, and in addition, their annual and daily consumption is around the mean dwelling consumption. In Figure 11 one of the synthetic dwellings is compared to the mean dwelling (one winter week and one summer week). The variability of the synthetic profile is reflected as a difference from the mean dwelling. One of the most important features of the synthetic profile is that the peaks of consumption are more realistic that the mean dwelling profiles, as it can be seen in Table 8 (hourly maximum peak) and Figure 11 .
High performance appliances simulation
One of the advantages of the proposed model is that equipment characteristics can be changed and adapted to each simulation case. An analysis of the energy labelling data is performed by means of the proposed model, as a solid source of comparison. The energy label is the main information available in new appliances.
For this reason, establishing the relationship between the energy label and the input of the model is interesting. This energy label adaptation consists of entering corresponding inputs to the model for each equipment as a function of their energy efficiency class. The method to estimate the annual consumption depending on the labelling, is specific for each equipment type and is described in different directives (washing machine [22] , drier [23] , dishwasher [24] , electric oven [25] , refrigerating appliances [26] and television [27] ). To apply these methods some assumptions are needed, i.e., capacity, place settings, screen size, etc. Following the different directives, corresponding inputs of the model are defined for each energy efficiency class. Figure 12 shows the results of simulating several dishwashers with the different energy efficiency classes (D to A+++).
In addition, a verification of the energy label adaptation has been done to compare with the database information. Table 9 shows the comparison between the database information regarding to the energy label, the energy label adaptation in terms of hourly consumption, and the input of the model (Table 3) . For washing machine, dishwasher and drier there is an agreement between most representative energy label of the database and the input of the model. However, the fitting accuracy is lower for the equipment refrigerator and freezer. In that case, the input model represents an appliance with a lower energy label (less efficient) than the database one. One reason for these discrepancies could be that the Directive of refrigerating appliances needs extra information that is not available in the SECH-SPAHOUSEC project (i.e., type of refrigerating appliance, storage volumes, storage temperature...).
Once the energy label is related with the inputs of the model, it is possible to use the model to test different strategies and policies for reducing the energy consumption in households. For example, it is possible to use the model with different DSM strategies as Paatero and Lund [13] . In the present paper, a comparison between the results of the simulated average dwelling to a high performance appliance dwelling is done. The objective is to evaluate the energy savings resulting from an overall improvement of the appliances efficiency.
Only the equipment with labelling has been included in this test, which represent around the 70% of the annual consumption of the mean dwelling (without considering lighting).
In Figure 13 and Figure 14 a comparison between the dwellings with high performance appliances (A+++) and the dwelling with the average energy efficiency class (Avg. EE class) is presented (hourly profile and annual consumption, respectively). The highest potential savings may be obtained by a substitution of the appliances with the poorest performance (refrigerator, freezer and television). The annual mean energy saving achieved using high performance appliance is closed to 40%. This reduction is also observed in the daily maximum value, as Figure 13 shows. The results show that the energy label of appliances is a first step to achieve important energy savings in the electric consumption of households.
Discussion
The proposed TRNSYS routine is a "bottom-up" model, where input data are derived from aggregated data. The usefulness of the model is shown in three different cases: analysing the simulation of building clusters; defining a synthetic profile; and evaluating the energy savings using high performance appliances.
In the case of analysing cluster of buildings, the tool generates random profiles, all different between them.
The output of the model makes possible to work at individual or aggregate level. The results show that the energy consumption is smoothed into average values as the number of dwellings in the neighbourhood increase.
The definition of a synthetic profile allows to have a dwelling with the main characteristics of the mean dwelling (type of equipment, and annual and daily consumption), and also a stochastic behaviour (realistic profiles). The synthetic profile could be used to estimate with more accuracy the electrical consumption of a household, the design of renewable systems and the grid integration of net zero energy buildings (NZEB).
Finally, a potential application of the model is connected to the quantification of benefits for improving the energy efficiency of appliances. The simulated case-study with the average energy efficiency class of the Spanish-Mediterranean household is compared with a dwelling with high performance appliances. The results of this comparison show that a dwelling could reduce nearly half (40%) of its energy consumption if high performance appliances would be used.
However, the model is, as for most bottom-up models, highly dependent on the input data, since the modelling capabilities of the TRNSYS component have been tuned up to fit the detailed monitoring databases.
Conclusions
The detailed modelling of household energy consumption is a complex task that involves different issues and requires different competencies. Often in practice, electrical consumption caused by appliances is based on statistical data. Although this kind of approaches has some strength (e.g., simple calculations, perfect for first stage analysis), they are not useful when a detailed characterization is needed. For example, to model the energy interactions of a building that has complex interactions with the energy grid (e.g., NZEB). The 
